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In 2004, Al in Space becomes a reality _ =

-

-

Autonomous Scienceraft Al Software operates the EO-1 spacecraft for over a dozen years,
acquiring over 60,000 images, issuing-almost S3 million commands




Simultaneously the
Earth Observing
Sensorweb links
together scores of
spacecraft, ground
observatories, and
air and marine
assets to monitor
volcanos, flooding,
wildfires and more,

acquiring thousands
of images without
any human
intervention!




Latitude, °

Example: NASA ASE/EO-1 volcanoes

* Automated tasking: Volcano Sensorweb
* Links together scores of space, ground, other assets

* Automated Data analysis, triage to generate prioritized requests = ASE/EO-1
service = products delivered to stakeholders.

* Over 100,000 alerts/triggers _
End Result, - Thousands of volcanic scenes 2008-2017,

35%+ of said scenes with thermal s:gnatures!

Compare to MODIS background < 1% of scenes with active thermal signature.

Partners (incomplete list):
MODVOLC

GOESVOLC

AFWA

VAAC

Iceland/MEVO

Etna VO (U. Firenze)
MEVO (NM Tech)

HVO (Kilauea)

IEGPN (Ecuador)

CVO (Mount St. Helens)

See [Chien et al. 2005 IEEE IS, Davies et
al. 2006 EOQS, Davies et al. 2005, 2007,
Longitude, °E 2016a,b]



Example: NASA ASE/EO-1 Flooding

* Automated tasking: Thailand Flood Sensorweb
* Links together space, ground assets

* Automated Data analysis, triage to generate prioritized requests
—> ASE/EO-lobservation service and others
- products to stakeholders

* Fuse data from satellite, ground sensor, and model sources
+100% temporal coverage for 2010-2011, 2011-2012 Flooding Seasons
e R REEE . e B Partners:
HAIl (Thailand)
Digital Globe
(Worldview)
Geo-Eye
ot L N B In situ data and Model Radarsat
Dry: March Flooded: October ™% ) Landsat
6, 2011 27, 2011 LANCE-MODIS
B« B g? TS ow R ;}k ‘[ See [Chien etal. 2011
3 Y e b #uo B |GARSS, 2013 JSTARS].
% i e K_ L B T seealso Wildfires [Chien
lkonos Landsat.7 ETM et al. 2011 JSTARS, Chien
et al. JAIS 2018]
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Land, Ice, Water, Snow Detection using Support Vector Machines

Lake Mendota, Wisconsin

* Primary Purpose

+ Identify areas of land cover (land,

ice, water, snow) in a scene

» Three algorithms:

+ Scientist manually derived

* Automatic best ratio

+ Support Vector Machine (SVM)

Classifier Expert Automated SVM
Derived Ratio
cloud 45.7% 43.7%

ice 60.1% 34.3%
land 93.6% 94.7%

show 63.5% 90.4%

water 84.2% 74.3%

Visible Expert Expert Automated SVM

unclassified 45.7%
Image Labeled Derived Ratio

T. Doggett et al. 2006 RSE




Bayesian thresholding
exploits the natural division
between dark surface

Bayesian
. materials and bright cloud
Th re S h O | d | n g reg'icons at particugla: '

wavelengths.

- While the RDF method examines a
window of values around the pixel to be
classified, BT classifies each pixel
independently.

- BT was previously employed to analyze
data collected by the AVIRIS-C airborne
sensor (Thompson et al. 2014).

- For EO- 1, BT used Hyperion bands at
447, 1245, and 1658 nm to span the
range from blue to short-wave infrared.

Image courtesy Thompson et al. 2014
TGARS
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TextureCam = rRandom Decision Forests

Pixel classification for cloud screening,

Pixel to be classified Random forest classifier

‘|

compute x; compute X3

compute X,

[Thompson et al., i-SAIRAS 2012; Wagstaff et al., GRL 2013; Bekker et al., Astrobiology 2014]




Onboard
Hyperspectral
IEWRIE
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Superpixel segmentation
+

The sequential maximum angle convex cone
(SMACC)
endmember extraction

Results from onboard EO-1 (9/2011)

D. Thompson et al. 2012 TGARS

Repeatability: maps

EO-1 Onboard EO-1 Onboard
Sept. 21, 2011 Sept. 27, 2011

Kruse/Grant Kruse/Grant
manual analysis manual analysis
(AVIRIS) (Hyperion)

Repeatability: detections

Kruse et al.
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WorldView-2 Data

shadow
plume . ground, ice

WorldView-2 Image of
Eyjafjallajokull eruption, acquired
April 17, 2010

Histogram-equalized image

Mclaren et al. 2012, SPIE




Height Estimation

Estimate plume height from shadows

Followed calculations derived in A. J. Prata
and I. F. Grant, “Determination of mass
loadings and plume heights of volcanic ash
clouds from satellite data”

Rotated classification maps so sun rays are
coming from =Y axis (bottom of the image) /

sea level

Collected shadow line segments which have
a neighboring plume region in sunward
direction

Corrected shadow lengths for:

* Sun and spacecraft azimuth, elevation

* Ground elevation at shadow edge d : Initial shadow length
« ASTER GDEM2 DEM d’: Shadow length after projecting up

to DEM & down along sun vector

* 30m horiz. spacing, 1m vert. . :
h : Plume point height




Salience — Unsupervised Novelty Detection

* Salience is an unsupervised algorithm that assigns a score to
each pixel that captures how anomalous it is within its local
context. The salience S of pixel p is computed with respect
to the histogram P, of intensity values in the surrounding
window w:

 where M is a normalization factor that is the maximum

* salience ﬁossible iiven the window histoiram and size:

POC: Wagstaff/JPL




Salience for Volcano in Chile




Salience for buildings in Thailand

Wagstaff et al. 2018 i-sairas




Timeline-based Scheduling

File Edit View Schedule/Plan Conflicts Goals Preferences User Functions Real Time System Help
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— Many timeline based
schedulers in use for
- space missions.

See

, [Chien et al. 2012,
SpaceOps]
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G ene rate & Te St Timeline constraint

check occurs
Priority & Maneuver

O(tuples)
Enforced here Each cost is

O(schedule length)

Candidate

Observations Timing,

Resource,
State Transition,
Temperature
Enforced here

— —

No
_ Conflicts
remain

See:
Chien et al., ICAPS 2010,
Best Applied Research Paper Award.

l Conflicts remain

POC:S. Chien/JPL




“Z MIEIEDR The Journey of NASA’s Smartest Satellite Finally Comes to an End

Add4d

SHARE
a-

Manam Volcano viewed from EO-1on June 28th 2010 9] ALAMY

https://www.wired.com/2017/03/say-farewell-eo-1-nasas-smartest-satellite/




Predecisional, for planning and discussion only.




Al-based Targeting
of the Chemcam
laser on the Mars
Science Laboratory
Rover
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Onl?qard Process for MSL

. “ap—

Image pointing g e Detection of rock
determined by - = Navcam or RMI candidates in
ground. ! 2 : . acquisition Navcam image.

T

Quantification of key | 2L s Target feature
target properties such ] . extraction
as intensity, size, o

shape, and distance
from rover.

Ops can filter
targets based
on size,

distance, etc.

PN ‘

V. Target filtering
y ~V
&

=

‘ ‘ “ // 2
[/ - .
prioritize —
important d o

properties Top score || -
foreack rur for large size ‘\\ Determine center B
\\\ target position
N -
= X \\ < =

’ — CCAM raster ~2N
_ - 4 S acquired '
for multiple o .
targets ‘ =

. Acquire ChemCam
LIBS raster of target
(size and direction
pre-specified by

Can repeat |
» : ground)




. 2 o '.“v‘i‘_
POC: T. Estlin, R. Francis/JPL s " e
AEGIS/MER, winner of the 2011 NASA Software of the Year Award

Predecisional, for
planning and
discussiot only.
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MSL unused Time/Energy
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MSL submasters on average execution time 28% less than planned time (+ cleanups)




TimeLines
i file://{Users/wchifdev/ctv/index.html
(] JpL (] M2020
TimeLines
130 10:00:00

uTC 1972/05/09 (130)
10:00:00

130 11:00:00
1972/05/09 (130)
11:00:00

130 12:00:00
1972/05/09 (130)
12:00:00
Plan At74251573 maintenance for zone 36
maintenance for zone 37
OBA: Medium Drive
OBA: MastcamZ SuperCam Doc Image
preheat for zone 37
maintenance for zone 37
maintenance for zone 36
OBA: RIMFAX On
preheat for zone 37
maintenance for zone 41
maintenance for zone 40
maintenance for zone 39
OBAYSuperCam Raster_Survey 1x5
OBA: MastcamZ single target
JOBA: MastcamZ single target
OBA: MastcamZ single target
preheat for z
preheat for 2
malintenance for zone 5 preheat for zone 36
OBA: minal Beep preheat for zone 39
Handover |OBANSEandard Engineering Activities
aviake

Handover preheat for zone 5 preheat for zone 36

energy_timeline
Peak: 8640000
Limit: 8640000

Example M2020 Sol Type:
Medium Drive with post drive imaging

130 13:00:00
1972/05/09 (130)
13:00:00

130 14:00:00
1972/05/09 (130)
14:00:00

130 15:00:00
1972/05/09 (130)
15:00:00

130 16:00:00
1972/05/09 (130)
16:00:00

130 17:00:00
1972/05/09 (130)
17:00:00

maintenance for zone 41

malntenance for zone 39

OBAISUperCam Area Scan maintanance for zone 5
preheat for zone 41 DBA! UHF Pass
preheat for zone 39 preheat for zone S

OBAPost-Drive Imaging for Science
0OBA :Baseline Post-Drive Imaging for Targeting
awake

DBA: RIMFAX Off

OBAISuperCam Area Scan IMARGIN - 3 min OBA: Mastcam

Rabideau et al. 2017 IWPSS; Chi et al 2018 ICAPS; Chi et al. 2019 ICAPS POC: S. Chien/JPL

Predecisional, for planning and discussion only.




plan1

< 'k a > X

179 10:00:00 179 12:00:00

uTC 2023/06/28 (179) 2023/06/28 (179)
10:00:00 12:00:00

output plan

energy_timeline
Peak: 7520000
Limit: 8640000

UHF Pass

@ Activity [ State
179 14:00:00 179 16:00:00 1791 179

179 22:00:00 180 00:00:00 180 02:00: 180 04

180 180 08:00:00
2023/06/28 (179) 2023/06/28 (179) 2023/06/28 (179) 2023/06/28 (179) 2023/06/28 (179) 2023/06/29 (180) 2023/06/29 (180) 2023/06/29 (180) 2023/06/29 (180) 2023/06/29 (180)
14:00:00 16:00:00 18:00:00 20:00:00 22:00:00 00:00:00 02:00:00 04:00:00 06:00:00 :00:00
shutdown
awake
OBA: UHF Pass
wakeup




Traverse to Science Target B
- w

>

Future Al
Self Reliant Rover demonstrated an 80% reduction in time to complete a walkabout campaign [Gaines et al. 2020] by
using onboard science driven Al. Technologies also very relevant to “long drive” scenarios.




-

Predicted
Soil Bedrock  Sand  Big Rock
Soil | 96.00 — 0.31 3.69 0
Bedrock 6.15 90.87 2.54 0.44
Sand 0.25 323 96.51 0.01

Big Rock | 11.67 0.03 5.48 82.83

Table 3: MSL NAVCAM-Random confusion matrix percent-
ages calculated with respect to the 3 label agreement test set.

Overall accuracy is 94.97%

Predicted
Soil  Bedrock Sand  Big Rock
Soil | 99.10 032 057 0.01
Bedrock 3.64 94.90 0.37 1.09
Sand 0.88 5.62 93.45 0.05
Big Rock | 6.76 0 0 93.24

Table 4: MSL NAVCAM-Merged confusion matrix percent-
ages calculated with respect to the 3 label agreement test

set. Overall accuracy is 96.67%

x5 xR
R Asta 2% oy S
-_s - —— -

w v

e

Automated terrain (slip) analysis
assists ground-based MSL rover
planners more quickly and accurately
plan rover paths [Ono et al. 2020].

Future rover missions can use this technology onboard
to enable more capable slip-aware autonomous
driving [Gaines et al. 2020].




Rosetta




Philae Lander Delivery

4

4

Image courtesy MPI/OSIRIS, ESA/Rosetta







Lander Delivery

GenTime 2015-07-15 (1
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Broad Sweeps vs Targeted Sweeps




Plume
Detection
Rosetta

OSIRIS

Brown et al. 2019 Astronomical J.

Collaboration w. H. Sierks/MPI

Original Image sequence credit:
OSIRIS/MPI, Rosetta/ESA




ECOSTRESS

Coverage Scheduling

* Numerous missions involve variations of
coverage scheduling, this technology is
mature an in use for several NASA
missions

* ECOSTRESS: coverage, illumination, priority

and background mapping, radiation
keepouts, data management

* OCO-3: visibility, illumination, complex
geometry, area map prioritization, PMA
calibration, complex rapid pointing and flip
constraints

* NISAR: data volume, power/energy,
complex coverage campaigns



06/27/19 06:45am °C 5%

| JULY 2, 2019
NASA's ECOSTRESS Maps
European Heat Wave From
Space



https://www.jpl.nasa.gov/news/news.php?feature=7445
https://www.jpl.nasa.gov/news/

| JULY 12,

2019

NASA's Orbiting
Carbon
Observatory-3
Gets First Data



https://www.jpl.nasa.gov/news/news.php?feature=7452
https://www.jpl.nasa.gov/news/

No time for...ask me about...




Defaults table:
VGR1 — Service Alias "TTC v0" Antioglp. . Setep
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Constraint based scheduling for NASA’s Deep Space Network
Demand forecasting [SpaceOps 2018], Midrange scheduling [AIMAG 2014], near real-time scheduling
Link complexity based scheduling [SpaceOps 2018]




Machine Learning for Automated Triage/detection of Visual Transient Events
Intermediate Palomar Transient Factory (i-PTF)

Continuous quality control and retraining
103 - 50

Rebbapragada et al.
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Machine Learning for Automated Triage/classification of Radio Transient Events
Very Long Baseline Array (VLBA) Fast Transients Experiment (V-FASTR)
10° - 50 per 24h

Random Decision Forests, continuous quality control and retraining.
Wagstaff et al. 2016




Mars Target Encyclopedia

Compositional information from publications about MSL ChemCam surface targets
Publications currently indexed: abstracts from LPSC 2015 and 2016

Mars Target Encyclopedia

_1.,. Confidence_Hills : 7" Windjana = 4

< 46 properties & 103 properties f‘k ‘ ?I::::;a
. f)i{’i 8 publications F “h 10 publications LEA 1public::licn
* Lunar and Planetary Science Conference

< ™ Big_Sky

5 "\ 9 properties :‘%?> ?:;::Les 5 Engo
* Three years R

1 property
Itleaaiy 2 publications

® 5,920 documents 25 Maturango

3 publications 1 publication

“ Stovepipe_Wells L3 Tsumeb
/: " 8 properties =2 ﬁn 3 properties L ::g 1 property
% 3 publications TS5 1 publication wks® /[ 1 publication
: 7 * 2-page abstracts

1' e 7.2M words

Relations
Classify pairs
of Target +
(Element or Mineral)

Wagstaff et al. 2018 IAAI

Longitude, Latitude
137.37467766°,-4.63802334°




Deep Mars CNN Classification of Mars
Imagery for the PDS Imaging Atlas

« MSL Rover data set!
* 6,691 labeled images (Mastcam L/R eye, MAHLI)
o 24 classes

« MRO HiRISE data set?
* 10,433 labeled images
+ 8 classes
« Augmentation: rotation, flipping, brightness adjustment

Example images for MSLNet

Result: Content indexing for

PDS Atlas
Wagstaff et al. 2018a IAAI




Cave Exploration

Artists concept.

REGOLITH

SKYLIGHT
ENTRANCE

BASALT

Predecisional, for
planning and
discussion only.

Vaquero et al. 2018 ICAPS PlanRob

COLLAPSE
TRENCH




Rovers exploring Cave may depend on
batteries for power = mission duration of
days
* With such a short mission, rovers cannot
wait for instructions from Earth
True “Fire and forget” mission, completely
autonomous

Dynamic Zonal Allocation Algorithm

* Each rover maps a pre-assigned zone of
the cave
Rovers deep into the cave must expend
more energy driving
Rovers closer to the cave entrance expend
more energy relaying data from deeper
rovers to the cave entrance
Algorithm robust to loss of rovers —
adjacent rovers shift to cover newly
uncovered area
Algorithm extends to “sneakernet” driving

to cover areas beyond communications
Predecisional, for
range planning and
discussign only.
Visualization.
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NEO 100 Concept
Economically Assay 100 Near Earth Objects

-

L

Predecisional, for planning and discussion only. Artists concept.




Image
courtesy
3dprint.com




Lewis and Clark 1804-1806

wildlife

mountains rivers




Cluster 1
Cluster 2
Cluster 3
Cluster 4
Cluster 5

¢ Centroids
I

Clustering and Metric Learning of Aerial Imagery [Hayden et al. 2012 ACM TIST]



SCIENTIFIC
SUBSCRIBE AMERICAN,

LATEST

ENGINEERING

How NASA's Search for ET

Relies on Advanced Al

Jet Propulsion Laboratory’s artificial intelligence chief describes the “ultimate” test for Al in space exploration







Predecisional, for
planning and
discussion only.

Artists concept.




Predecisional, for
planning and
discussion only.

Artists concept.




* A Europa Submersible would have spend a
year or even more to penetrate kilometers of
ice

Then explore autonomously for weeks to »

. . . Predecisional, for
months at a time searching for life, perhaps planning and
at hydrothermal vents discussion only.

* Atrue challenge for All Ocean

Worlds
submersible
concept.
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Artists concepts.

Predecisional, for planning and discussion only.




For further information on Autonomous
Sciencecraft Onboard Instrument Processing see:

Thermal Analysis:
Davies, A. G., S. Chien, V. Baker, T. Doggett, J. Dohm, R. Greeley, F. Ip, R. Castano, B. Cichy, R. Lee, G. Rabideau, D. Tran and R.

Sherwood (2006) Monitoring Active Volcanism with the Autonomous Sciencecraft Experiment (ASE). Remote Sensing of
Environment, Vol. 101, Issue 4, pp. 427-446.

Flood Detection:

Ip, F., J. M. Dohm, V. R. Baker, T. Doggett, A. G. Davies, R. Castano, S. Chien, B. Cichy, R. Greeley, and R. Sherwood (2006)
Development and Testing of the Autonomous Spacecraft Experiment (ASE) floodwater classifiers: Real-time Smart Reconnaissance
of Transient Flooding. Remote Sensing of Environment, Vol. 101, Issue 4, pp. 463-481.

Cryosphere:
Doggett, T., R. Greeley, A. G. Davies, S. Chien, B. Cichy, R. Castano, K. Williams, V. Baker, J. Dohm and F. Ip (2006) Autonomous On-
Board Detection of Cryospheric Change. Remote Sensing of Environment, Vol. 101, Issue 4, pp. 447-462.

Sulfur:
L. Mandrake, U. Rebbapragada, K. Wagstaff, D. Thompson, S. Chien, D. Tran, R. Pappalardo, D. Gleeson, R. Castano, “Surface Sulfur
Detection via Remote Sensing and Onboard Classification,” ACM Transactions on Intelligent Systems Technology, Special Issue on Al

in Space, Vol. 3 No. 4, 2012.
D. F. Gleeson, R. Pappalardo, S. Grasby, M. Anderson, B. Beauchamp, R. Castano, S. Chien, T. Doggett, L. Mandrake, K. Wagstaff,

“Characterization of a sulfur-rich Arctic spring site and field analog to Europa using hyperspectral data,” Remote Sensing of
Environment (2010), doi:10.1016/j.rse.2010.01.011

Hyperspectral:
D. R. Thompson, B. Bornstein, S. Chien, S. Schaffer, D. Tran, B. Bue, R. Castano, D. Gleeson, A. Noell, “Autonomous Spectral Discovery
and Mapping Onboard the EO-1 spacecraft, IEEE Transactions on Geoscience and Remote Sensing, 2012.




For further information:

ASE Architecture, Overview:

S. Chien, R. Sherwood, D. Tran, B. Cichy, G. Rabideau, R. Castano, A. Davies, D. Mandl, S. Frye, B. Trout, S. Shulman,
D. Boyer, “Using Autonomy Flight Software to Improve Science Return on Earth Observing One, Journal of
Aerospace Computing, Information, & Communication, April 2005, AIAA.

Flight Software Aspects of ASE:

D. Tran, S. Chien, G. Rabideau, B. Cichy, Flight Software Issues in Onboard Automated Planning: Lessons Learned
on EO-1, International Workshop on Planning and Scheduling for Space, Darmstadt, Germany, June 2004.

Operations of EO-1 before and after ASE:
G. Rabideau, S. Chien, R. Sherwood, D. Tran, B. Cichy, D. Mandl, S. Frye, S. Shulman, R. Bote, J. Szwaczkowski, D.

Boyer, J. Van Gaasbeck, Mission Operations with Autonomy: A preliminary report for Earth Observing-1,
International Workshop on Planning and Scheduling for Space, Darmstadt, Germany, June 2004.

Validating the Autonomous Sciencecraft:

B. Cichy, S. Chien, S. R. Schaffer, D. Tran, G. Rabideau, R. Sherwood, D. Mandl, R. Bote, S. Frye, B. Trout, S. Shulman,
J. Hengemihle, J. D'Agostino, J. Van Gaasbeck, D. Boyer, “Validating the Autonomous EO-1 Science Agent,”
International Workshop on Planning and Scheduling for Space, Darmstadt, Germany, June 2004.

ASE Anomalies:

D. Tran, S. Chien, G. Rabideau, B. Cichy, “Safe Agents in Space: Preventing and Responding to Anomalies in the
Autonomous Sciencecraft Experiment,” Autonomous Agents and Multi-Agent Systems Conference, International
Workshop on Safety and Security in Multi-Agent Systems. (AAMAS 2005). Utrecht, Netherlands, July 2005.




For Further details see:

* Sensorweb (sensorweb.jpl.nasa.gov)

* S. Chien, J. Doubleday, D. Mclaren, D. Tran, V. Tanpipat, R. Chitradon, S. Boonya-aroonnet, P.
Thanapakpawin, D. Mandl, “Monitoring flooding in Thailand using Earth observing One in a
Sensorweb,”. IEEE J. Sel. Topics Appl. Earth Observ. Remote Sens, 6 (2 pt 1), 291-297, 2013.

A. G. Davies, S. Chien, J. Doubleday, D. Tran, T. Thordarson, M. Gudmundsson, A. Hoskuldsson, S.
Jakobsdottir, R. Wright, D. Mandl, “Observing Iceland's Eyjafjallajokull 2010 Eruptions with the
Autonomous NASA Volcano Sensor Web", Journal of Geophysical Research - Solid Earth, 2013.

Davies, A. G.; Chien, S.; Doubleday, J.; Tran, D.; and McLaren, D. The NASA Volcano Sensorweb:
Over a Decade of Operations. In International Joint Conference on Artificial Intelligence

Workshop on Artificial Intelligence in Space (Al Space, 1JCAI 2015), Buenos Aires, Argentina, July
2015.

Chien, S.; Mclaren, D.; Doubleday, J.; Tran, D.; Tanpipat, V.; and Chitradon, R. Using High-
resolution, Taskable Remote Sensing Imagery to support a Sensorweb for Thailand Flood
Monitoring. Journal of Aerospace Information Systems (JAIS). 2018.




For Further details see:

* MER-WATCH

*A. Castano, A. Fukunaga, J. Biesiadecki, L. Neakrase, P. Whelley, R. Greeley, M. Lemmon, R.
Castano, S. Chien, “Automatic detection of dust devils and clouds at Mars,” Machine Vision and
Applications, October 2008, vol. 19, No. 5-6, pp. 467-482.

* AEGIS

*T. Estlin, B. Bornstein, D. Gaines, R. C. Anderson, D. Thompson, M. Burl, R. Castafio, M. Judd,
ACM Transactions on Intelligent Systems and Technology, 2012.

* Francis, R.; Estlin, T.; Doran, G.; Johnstone, S.; Gaines, D.; Verma, V.; Burl, M.; Frydenvang, J.;
Montafo, S.; Wiens, R. C.; Schaffer, S.; Gasnault, O.; DeFlores, L.; Blaney, D.; and Bornstein, B.
AEGIS Autonomous Targeting for ChemCam on Mars Science Laboratory: Deployment and
Results of Initial Science Team Use. Science Robotics. June 2017.




For Further details see:

e M2020 Onboard scheduler

* Rabideau, G.; and Benowitz, E. Prototyping an Onboard Scheduler for the Mars 2020 Rover. In
International Workshop on Planning and Scheduling for Space (IWPSS 2017), Pittsburgh, PA, June 2017.

* Chi, W.; Chien, S.; Agrawal, J.; Rabideau, G.; Benowitz, E.; Gaines, D.; Fosse, E.; Kuhn, S.; and Biehl, J.
Embedding a Scheduler in Execution for a Planetary Rover. In International Conference on Automated
Planning and Scheduling (ICAPS 2018), Delft, Netherlands, June 2018.

* Chi, W.; Agrawal, J.; Chien, S.; Fosse, E.; and Guduri, U. Optimizing Parameters for Uncertain Execution
and Rescheduling Robustness. In International Conference on Automated Planning and Scheduling (ICAPS
2019), Berkeley, California, USA, July 2019.

* W. Chi, S. Chien, and J. Agrawal, Scheduling with Complex Consumptive resources for a Planetary Rover,
International Workshop for Planning and Scheduling for Space (IWPSS 2019), July 2019, Berkeley, CA.

*J. Agrawal, W. Chi, S. Chien, G. Rabideau, S. Kuhn. and D. Gaines, Enabling Limited Resource-Bounded
Disjunction in Scheduling, International Workshop for Planning and Scheduling for Space (IWPSS 2019),
July 2019, Berkeley, CA.




For Further details see:

* Rosetta

* S. Chien, G. Rabideau, D. Tran, J. Doubleday. M. Troesch, F. Nespoli, M. Perez Ayucar, M. Costa Sitje, C.
Vallat, B. Geiger, N. Altobelli, M. Fernandez, F. Vallejo, R. Andres, M. Kueppers, Activity-based Scheduling
of Science Campaigns for the Rosetta Orbiter,” Proc. International Joint Conference on Artificial
Intelligence (IJCAI 2015), Buenos Aires, Argentina. July 2015.

* Rabideau, G.; Chien, S.; Galer, M.; Nespoli, F.; and Costa, M. Managing Spacecraft Memory Buffers with
Concurrent Data Collection and Downlink. Journal of Aerospace Information Systems (JAIS). December
2017.

* Brown, D.; Huffman, W.; Sierks, H.; Thompson, D.; and Chien, S. Automatic detection and tracking of

plumes from 67P/Churyumov-Gerasimenko in OSIRIS/Rosetta image sequences. The Astronomical Journal
(AJ), 157(1): 27. January 2019.




Further Information /Credits

* CLASP Coverage Planning » Agile Instrument Scheduling (Eagle Eye)
* @G. Rabideau, S. Chien, D. Mclaren, R. Knight, S. * G. Lewellen, C. Davies, A. Byon, R. Knight, E. Shao,

Anwar, G. Mehall, “A Tool for Scheduling THEMIS
Observations,” International Symposium on Space
Artificial Intelligence, Robotics, and Automation for
ggige (i-SAIRAS 2010). Sapporo, Japan. August

* J. Doubleday, “Three Petabytes or Bust: Planning
Science Observations for NISAR,” SPIE 9881. Earth
Observing Missions and Sensors: Development,

Implementation, and Characterization IV. New
Delhi, India. May 2016.

A. Yelamanchili, S. Chien, A. Moy, K. Cawse-
Nicholson, J. Padams, and D. Freeborn, Automated
Policy-based Scheduling for the ECOSTRESS
missionintl Workshop on Planning and Scheduling
for Space, 2019, Berkeley, CA

A. Yelamanchili, A. Moy, S. Chien, A. Eldering, R.
Pavlick, and C. Wells, Automated Policy-based
Scheduling for the OCO-3 mission, Intl Workshop
on Planning and Scheduling for Space, 2019,
Berkeley, CA

D. Tran, M. Trowbridge, A Hybrid Traveling
Salesman Problem - Squeaky Wheel Optimization
Planner for Earth Observational Scheduling,
International Workshop on Planning and
Scheduling for Space (IWPSS 2017). Pittsburgh, PA.
June 2017.

Shao, E.; Byon, A.; Davies, C.; Davis, E.; Knight, R.;
Lewellen, G.; Trowbridge, M.; and Chien, S. Area
Coverage Planning with 3-axis Steerable, 2D
Framing Sensors. In Scheduling and Planning
Applications Workshop , International Conference
on Automated Planning and Scheduling (ICAPS
SPARK 2018), Delft, Netherlands, June 2018.




Further Information /Credits

* Machine Learning - Astronomy * Machine Learning - PDS

* Wagstaff KL, Tang B, Thompson DR, » Wagstaff KL, Lu Y, Stanboli A, Grimes K,
Khudikyan S, Wyngaard A, Deller AT, Gowda T, Padams J. Deep Mars: CNN
Palaniswamy D, Tingay SJ, and Randall classification of mars imagery for the
RB. A Machine Learning Classifier for PDS imaging atlas. In Thirty-Second AAAI
Fast Radio Burst Detection at the VLBA. Conf on Artificial Intelligence 2018.
Publications of the Astronomical Society Wagstaff KL, Francis R, Gowda T, Lu Y,
of the Pacific, 128:966(084503), 2016. Riloff E, Singh K, Lanza NL. Mars Target

* Thompson DR, Wagstaff KL, Brisken WF, Encyclopedia: Rock and Soil Composition
Deller AT, Majid WA, Tingay SJ, Wayth Extracted from the Literature. In 32nd
RB. Detection of fast radio transients AAAI Conf Artificial Intelligence 2018.
with multiple stations: a case study
using the Very Long Baseline Array. The
Astrophysical Journal. 2011 Jun
22;735(2):98.




Further Information /Credits

* Machine Learning - Astronomy * Machine Learning - PDS

* Wagstaff KL, Tang B, Thompson DR, » Wagstaff KL, Lu Y, Stanboli A, Grimes K,
Khudikyan S, Wyngaard A, Deller AT, Gowda T, Padams J. Deep Mars: CNN
Palaniswamy D, Tingay SJ, and Randall classification of mars imagery for the
RB. A Machine Learning Classifier for PDS imaging atlas. In Thirty-Second AAAI
Fast Radio Burst Detection at the VLBA. Conf on Artificial Intelligence 2018.
Publications of the Astronomical Society Wagstaff KL, Francis R, Gowda T, Lu Y,
of the Pacific, 128:966(084503), 2016. Riloff E, Singh K, Lanza NL. Mars Target

* Thompson DR, Wagstaff KL, Brisken WF, Encyclopedia: Rock and Soil Composition
Deller AT, Majid WA, Tingay SJ, Wayth Extracted from the Literature. In 32nd
RB. Detection of fast radio transients AAAI Conf Artificial Intelligence 2018.
with multiple stations: a case study
using the Very Long Baseline Array. The
Astrophysical Journal. 2011 Jun
22;735(2):98.




Further Information /Credits

* Future Missions

* Chien, S.; and Wagstaff, K. L. Robotic Space
Exploration Agents. Science Robotics. June
2017.

Chien, S.; Thompson, D. R.; Castillo-Rogez,
J.; Rabideau, G.; Bue, B.; Knight, R.; Schaffer,
S.; Huffman, W.; and Wagstaff, K. L. Agile

Science - A new paradigm for Missions and
Flight Software. Keynote at the Flight
Software Workshop, Pasadena, CA,
December 2016.

Ono M, Mitchel K, Parness A, Carpenter K,
lacoponi S, Simonson E, Curtis A, Ingham M,
Budney C, Estlin T, Parcheta C. Enceladus
Vent Explorer Concept. In Outer Solar
System 2018 (pp. 665-717). Springer, Cham.




Further Information /Credits

* |nterstellar Mission

* Ocean Worlds

Polarstern- A. Boetius/AWI, C. German/WHOI, K. Hand/JPL

German, C. R.; Hand, K. P.; McDermott, J. M.; See-wald, J.

S.; Kinsey, J. C.; Bowen, A. D.; Chien, S.; Schaffer, S. R.;
Bach, W.; and Boetius, A. Oases for Life in Ice Covered
Oceans. In Astrobiology Science Conference, Mesa, AZ,
April 2017.

Branch, A.; Clark, E.; Chien, S.; Flexas, M.; Thompson, A.;
Claus, B.; Kinsey, J.; Fratantoni, D.; Zhang, Y.; Hobson, B.;
Kieft, B.; and Chavez, F. Front Delineation and Tracking
with Multiple Underwater Vehicles. Journal of Field
Robotics (JFR), 0(0). December 2018.

Flexas, M. M.; Troesch, M. |.; Chien, S.; Thompson, A. F.;
Chu, S.; Branch, A.; Farrara, J. D.; and Chao, Y.
Autonomous sampling of ocean submesoscale fronts
with ocean gliders and numerical model forecasting.
Journal of Atmospheric and Oceanic Technology, 35 (3).
March 2018.

Thompson, A. F.; Chao, Y.; Chien, S.; Kinsey, J.; Flexas, M.
M.; Branch, A.; Chu, S.; Troesch, M.; Claus, B.; Kepper, J.;
Farrara, J.; and Fratantoni, D. Satellites to Seafloor:
Towards Fully Autonomous Ocean Sampling.
Oceanography, 30 (2). June 2017.

Freeman A, Alkalai L., The First Interstellar Explorer:
What should it do when it Arrives at its Destination?. In
AGU Fall Meeting Abstracts 2017 Dec.

A. Freeman, Technologies for the First Interstellar
Explorer: Beyond Propulsion, International Astronautical
Congress, Oct 2018, Bremen, DE.



https://www.nasa.gov/specials/ocean-worlds
https://en.wikipedia.org/wiki/Interstellar_probe
http://kiss.caltech.edu/workshops/ism/ism2.html
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